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enhancing the efficiency and responsiveness of railway operations.
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I.INTRODUCTION

As per the India Brand Equity Foundation (IBEF) site, the rate at which artificial intelligence has been
adopted is approximately 48 % in the FY 2024 and is expected to grow by another 5 -7 % in the
upcoming year. One of the major focuses for development is on the Infrastructure need. Figure 1
below represents the passenger volume over years. As population grows as well as economic
development, there is a need to have improved transport infrastructure. Utilization of state of the art
technology in the public transport systems such as the roads, railways, aviation and shipping forms the
need of the hour. This paper elaborates on the use of Retrieval Augmented Generation (RAG) for the
railway sector as a transformative application in travel and transportation. The rapid evolution of
Generative Al (GenAl) and highly intelligent large language models (LLMs) has revolutionized
information retrieval processes, enabling more precise and contextualized responses. These
advancements have given rise to RAG as an emerging next-generation solution, blending real-time
retrieval of domain-specific information with the generative capabilities of LLMs.
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Figure 1: Passenger volume over years.
Source:- https://www.ibef.org/industry/indian-railways/infographic

The paper further elaborates on the related work done in this domain in section Il. The limitations
observed in the existing systems are expressed in section Ill. This is then followed by the process of
retrieval augmentation generation in section V. The queries posted and the answers generated through
the RAG component forms a crucial part for the users as the answers generated give a real time scenario
of the arrival and departure of the trains on a specific platform . This is elaborated in section V through
the algorithm and the process design section . Implementation of the proposed system through various
natural language processing and deep learning algorithms such as Open Al, Google Generative Al,
Hugging face are focussed upon in section VI along with machine learning algorithms. Evaluation
measures are elaborated upon in section VII . This is followed by7 the results of the proposed system
. Section VIII and Section 1X then represent the conclusion and the future work respectively .

I1.RELATED WORK

The literature survey undertaken for the above mentioned problem consists of understanding that
railways being a part of the public sector, has to have a lot of real time , accurate , precise and day to
day information to be stored, processed and analyzed. These vast datasets are crucial for decision-
making and service delivery, Thus it was observed that RAG systems combine retrieval-based and
generative models to provide accurate, contextually aware responses. With platforms like OpenAl
reaching over 100 million active users within months of launch, the growing reliance on Al-driven
tools was evident. This study therefore addresses the inefficiencies in traditional public sector
information retrieval, which often leads to delays and lack of personalization. In paper [4] the authors
highlighted the logistical and financial decline of Indian Railways, emphasizing problems like a poor
Operating Ratio (OR), Cost of Revenue (COR), and Return on Logistics Assets Ratio (ROLAR),
signaling a need for deeper analysis of these issues. In [7] the paper identifies common failure points
when engineering RAG systems in diverse domains (research, education, and biomedical), stressing
the challenges and necessary refinements for robust system performance. In [1] the research introduces
the RAG model, utilizing pre-trained seq2seq models (parametric memory) and dense vector indexing
of Wikipedia (non-parametric memory) for knowledge-intensive NLP tasks. Paper [8] focussed on
fine-tuning RAG architectures, particularly the DPR retriever, while addressing the engineering
complexities that arise in end-to-end tuning for effective question-answering. In paper [9] the authors
demonstrated the superior performance of RAG-based agents over existing LLMs in science-based
QA benchmarks, underscoring its efficacy in scientific research applications. Paper [10] offered a
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comprehensive review of the advancements in RAG systems, exploring critical components,
evaluation frameworks, and cutting-edge technologies.FlashRAG toolkit that supported modular and
efficient RAG research through 12 advanced RAG methods was elaborated on in paper [11] . This had
a rich collection of datasets, and comprehensive evaluation metrics.

IHL.LIMITATIONS IN EXISTING SYSTEM

By exploring the potential of RAG to enhance accuracy, efficiency, and user experience across
domains such as healthcare, education, and government services, the paper aims to propose a
framework for integrating RAG systems into public sector operations to improve service delivery and
decision-making. The limitations observed in the existing systems include :-

1. Context Management for Long Documents

Existing RAG systems may struggle with efficiently managing long contexts, which is crucial for
handling detailed documentation, reports and real-time updates across various public services.

2. Robustness to Misinformation

If a RAG system retrieves outdated or incorrect information, it could lead to inaccurate responses for
citizens seeking assistance with services such as healthcare, social welfare, or public safety.

3. Integration of Domain-Specific Knowledge

Current RAG systems may not be well-adapted to the specific needs of different public sector agencies,
such as handling diverse and localized information or integrating with various live data sources
relevant to specific public services.

4. Resource-Intensive Operations

High computational costs and memory requirements could hinder the feasibility of deploying RAG
systems at scale for real-time updates and queries in public sector operations, especially in resource-
constrained environments.

5. Generalization and Domain Adaptation

Existing RAG methods do not perform optimally across different public sector domains, affecting the
system's ability to effectively handle the varied queries and requirements of citizens interacting with
government services.

This gap underscores the need for further exploration to develop effective frameworks for RAG
deployment in public services.

IV.RETRIEVAL AUGMENTED GENERATION

Retrieval-Augmented Generation (RAG) forms an innovative framework that combines the strengths
of two fundamental components: a retrieval system and a generation system. This hybrid approach
enhances the ability to provide accurate and contextually relevant responses to complex queries,
making it particularly valuable in various applications including public sector operations. The details
of both the modules are elaborated below and represented in figure 2.
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1. Retrieval System

The retrieval component is responsible for sourcing relevant information from a predefined database
or knowledge base. It utilizes techniques such as keyword matching, semantic search, and information
retrieval algorithms to identify documents or data snippets that relate closely to the user's query. By
retrieving pertinent information, this system lays the groundwork for generating informed responses.
The effectiveness of the retrieval system is crucial, as it ensures that the generative model operates
with accurate and relevant content.
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Figure 2 : Block Diagram of RAG
2. Generation System

The generation component leverages advanced Natural Language Processing (NLP) technigues, often
powered by large language models (LLMSs), to create coherent and contextually appropriate responses.
Once the retrieval system has identified relevant information, the generation model synthesizes this
data, generating responses that are not only informative but also human-like in their structure and tone.
This component enhances the user experience by providing answers that feel natural and engaging,
while also incorporating the specific details retrieved from the database.

Together, these components form a robust RAG system that effectively addresses the challenges of
information retrieval and response generation, making it a powerful tool for improving interactions in
various domains, including healthcare, education, and public sector services. By integrating retrieval
and generation capabilities, RAG systems can offer users more personalized and accurate information,
enhancing decision-making and overall service delivery.

The elaborated description for the same is as follows.
User Query: The initial input provided by the user.

Generation Answer: A preliminary response generated by the language model (LLM) based on
internal knowledge.

Embedding: Converts the user query into an embedding format suitable for retrieval.

Indexing: Organizes and stores documents, typically in NoSQL format, for efficient access.
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Retrieval: Searches the indexed documents to identify relevant ones based on the embedded query.
Relevant Documents: The documents identified as containing pertinent information.

Combine Context and Prompts: Integrates the relevant documents with the original query and
context.

RAG-based Generation: The LLM processes the enriched query to generate a final, contextually
informed response.

Output: The final, accurate answer is delivered to the user.
V. ALGORITHM AND PROCESS DESIGN

Retrieval-Augmented Generation (RAG) system, algorithm and process design are crucial for
transforming user queries into meaningful outputs. This involves a series of carefully crafted steps—
from converting user input into embeddings, retrieving relevant data from structured sources, to
generating natural language responses using advanced language models like GPT-2. Each stage is
meticulously designed to ensure accurate data retrieval, efficient processing, and coherent response
generation.

The integration of a RAG system begins with a JSON file containing station data, which serves as the
primary source of structured information about the various stations under consideration. When a user
submits a query, the system converts this query into embeddings. This user input is further transformed
into a vector representation that facilitates efficient comparison with existing data. The system then
extracts relevant text from the JSON file, retrieving pertinent station information that matches the
user's query. Utilizing the FAISS (Facebook Al Similarity Search) framework, it then retrieves similar
documents. This process searches the vector database to identify entries closely aligned with the user's
input. Following this, the system generates embeddings for the extracted station data, creating vector
representations that can be compared with the query embeddings, as represented in figure 3.
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Figure 3 represents the block diagram for RAG systems
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The heart of the process lies in the response generation using GPT-2, where the model leverages the
retrieved data to formulate a coherent and contextually relevant natural language response.
Additionally, to optimize future interactions, the system stores the embeddings of the station data in
FAISS, ensuring quick access for subsequent queries. Finally, the system outputs the response to the
user, presenting the generated answer based on their original inquiry, thereby enhancing the overall
user experience.

VI. IMPLEMENTATION DETAILS

In the rapidly evolving landscape of artificial intelligence (Al), various platforms offer unique
capabilities that cater to different user needs and applications. This comparison focuses on three
prominent Al platforms: OpenAl, Google Generative Al, and Hugging Face. Each platform presents
distinct features, advantages, and limitations that impact their usability and effectiveness in various
contexts, particularly in the realm of natural language processing (NLP) and machine learning.

1. OpenAl

OpenAl is renowned for its sophisticated language models, particularly the GPT series, which are
adept at understanding and generating human-like text. These models can be applied across various
domains, including chatbots, content generation, and more. OpenAl offers a comprehensive API that
enables developers to seamlessly incorporate these models into their applications.

Disadvantages:

Cost: Utilizing OpenAl's API can be expensive, especially for projects that demand high interaction
levels or large volumes of queries.

Usage Limits: The free tier comes with stringent usage restrictions, which may limit experimentation
and development for students or smaller initiatives.

Complexity: While the models are powerful, the intricacies involved in their usage may pose
challenges for those who are new to the technology..

2. Google Generative Al

Google provides a suite of Generative Al models tailored for tasks like content creation and code
generation. These models benefit from Google’s vast data and advanced machine learning
infrastructure, yielding high-quality results across a variety of applications.

Disadvantages:

Cost: Similar to OpenAl, using Google’s models can lead to considerable expenses, particularly in
business environments.

Usage Limits: Google also places restrictions on free usage, which could limit the capacity to conduct
extensive testing.

Integration Challenges: Implementing and integrating Google’s Al solutions can be intricate, often
requiring a deeper understanding of their ecosystem.
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3. Hugging Face

Hugging Face is an open-source platform that offers a wide range of pre-trained models for tasks in
natural language processing and beyond. The Hugging Face Transformers library allows users to easily
access and customize these models, making it appealing to both novices and seasoned users.

Reasons for Choosing Hugging Face:

Cost-Effective: Models on Hugging Face are free to use, making them accessible for students and
those with limited budgets.

Open Source: The platform fosters collaboration and resource sharing, enabling students to engage
with a lively community and share their discoveries.

Flexibility: Users can fine-tune models for specific applications without incurring significant costs,
promoting extensive experimentation and learning.

Table 1 below gives a comparison of various language models that have been identified for the
experimental set up . It further elaborates on the reason behind selecting the Hugging model for
implementation purpose.

Characteristics OpenAl GoogleAl Hugging Face

Pricing Paid Paid Free

Quality High Medium Low

Conversational Best Moderate Low

Capability

Token Limit 4000 24000 Manual setting

Quota Impact Working solution not Working solution not Working preliminary
implemented due to implemented due to solution is implemented
quota limit quota limit using 'gpt2' model

Algorithms Used

Table 1. Comparison of language models

1. Recommendation Algorithms

a. Collaborative Filtering:

i.User-Based Collaborative Filtering:
function user_based_collaborative_filtering(user_id):

similar_users = find_similar_users(user_id)
recommended_items =[]

for user in similar_users:

for item in user.recommended_items:

if item not in user.past_items:
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recommended_items.append(item)
return unique(recommended_items)

ii.Item-Based Collaborative Filtering:
function item_based_collaborative_filtering(item_id):

similar_items = find_similar_items(item_id)
return user_ratings_for(similar_items)
b. Content-Based Filtering:

i.TF-IDF (Term Frequency-Inverse Document Frequency):
function calculate_tfidf(document, corpus):

tf = term_frequency(document)
idf = inverse_document_frequency(corpus)
tfidf = tf * id return tfidf

ii.Cosine Similarity:
function cosine_similarity(vector_a, vector_b): dot_product = sum(a * b for a, b in zip(vector_a,
vector_b))

magnitude_a = sqrt(sum(a * a for a in vector_a))
magnitude_b = sgrt(sum(b * b for b in vector_b))
if magnitude_a == 0 or magnitude_b == 0:

return O
return dot_product / (magnitude_a * magnitude_b)

Figure 3.1. further elaborates on the working of the system through the flowchart representation

cmmeandation System Flowohart

Fig 3.1 Recommendation System Flowchart
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Machine Learning Algorithms

Purpose of the machine learning algorithms used was to predict train delays and user behavior based
on historical data. The various algorithms considered included:

1.Regression Analysis:

These algorithms are used to determine the trend or pattern for any given situation . For the railways
problem too, the regression algorithms considered are the linear and logistic regressions as elaborated
below.

a. Linear Regression:

As represented in fig 4.1, the linear regression is implemented through the function mentioned next.

function linear_regression(training_data):
coefficients = initialize_coefficients()
for epoch in range(num_epochs):
for data_point in training_data:
prediction = predict(data_point.features, coefficients)
error = prediction - data_point.target
update_coefficients(coefficients, error, data_point.features)

return coefficients

Linesr Regrssion Fowchin

/ i — & . ]
= 1) 2
]

J " IH. §
Dt \ A Predeion 3 Galouate Ermer

7 Coeown [

Fig 4.1 Linear Regression Algorithm
b. Logistic Regression:

Using the logarithmic function , the logistic regression technique is incorporated as indicated below
in figure 4.2

function logistic_regression(training_data):
coefficients = initialize_coefficients()
for epoch in range(num_epochs):
for data_point in training_data:
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prediction = sigmoid(predict(data_point.features, coefficients))
error = prediction - data_point.target
update_coefficients(coefficients, error, data_point.features)

return coefficients

Logistio Regression Flowohart

Fig 4.2 Logistic Regression Algorithm
c. Decision Trees:
CART (Classification and Regression Trees):

This is represented through the fig 4.3 and its implementation is observed through the algorithm
steps mentioned below
function cart(training_data):

if stopping_condition_met(training_data):
return create_leaf node(training_data)
best_split = find_best_split(training_data)
left_data, right_data = split_data(training_data, best_split)
node = create_internal_node(best_split)
node.left = cart(left_data)
node.right = cart(right_data)

return node

CART Algorithm Flowchart

\ Stan \.:I <] A T—‘/\ ".A_.‘r;lecwelea: . Ll 5 )
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3 Reourse Right | || ]
Fig 4.3 CART Algorithm

d.Natural Language Processing (NLP) Algorithms
Fig 4.4 represents the tokenization and NER used in the proposed RAG systems.

i. Tokenization:
function tokenize(text):
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return text.split() // split text by whitespace

ii. Named Entity Recognition (NER):
function named_entity_recognition(text):

entities =[]

for word in tokenize(text):
if is_entity(word):

entities.append(word)

return entities

iii. Sentiment Analysis:
function sentiment_analysis(text):

score =0
for word in tokenize(text):
score += sentiment_score(word)
if score > 0:
return "Positive"
else if score < 0:
return "Negative"

else: return "Neutral"

_ Tokenizztion and Nemed Entty Recognition (NER] Process
A— [¥] . —
3 gl

£

Fig 4.4 Tokenization and NER
VII. RESULTS AND DISCUSSION

When querying railway stations within the Konkan railway (KR) zone, the system successfully
identified several key stations, including Kumta (KT), Veer (VEER), and Kudal (KUDL). Other
notable stations within the same zone include Khed (KHED), Kalambani (KLMB), and Indapur (INP).
Additionally, stations such as Kamthe (KMAH), Kharepatan (KRPM), and Kankavli (KKW) were also
recognized as part of the KR zone.

In a separate inquiry regarding the station '‘Roha’ (ROHA), the system provided clear and concise
information indicating that it is part of the Central Railway (CR) zone. These results highlight the
effectiveness of the system in retrieving accurate and relevant data based on user queries, showcasing
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its potential to assist users in navigating railway services efficiently. The integration of such features
not only enhances user experience but also promotes accessibility to vital transportation information
across different railway zones.

Figures 5.1 to 5.5 specify the detailed results obtained .

(= L 10 LN ' Generated Response:
Settlﬂg p&d_t(?ken_ld U eOS_tOk@ﬂ_ld 3005 f(}f‘ Open'end geﬂ@r&tlon. Based on your query 'Railway stations in KR railway zone', here are some stations that might be of interest:
enerated Response: : 4 .
: S ; ! ; A : - Station Code: KT, Station Name: KUMTA, Railway Zone: KR

Based on your query.'ROHA 15 In which railway zone?", here ane some stations that might be of interest: - Station Code: VEER, Station Name: VEER, Railuay Zone: KR
- Station Code: KUDL, Station Name: KUDAL, Railway Zone: KR
- Station Code: KHED, Station Name: KHED, Railway Zone: KR
i Stati()ﬂ (Ode' OHA Stati()n Nane! ROHA Raﬂway Tone! (R - Station Code: KLBN, Station Name: KALAMBANI, Railway Zone: KR

el =l ! - Station Code: TNP, Station Name: INDAPUR, Railway Zone: KR

- Station Code: KMAH, Station Name: KAMATHE, Railway Zone: KR

h( h h l 16 k f d it f \ - Stat%on Code: KRPN, StaFion Name: KHAREPAT@M, Railway Zone: KR
[ ope t ]‘:_ e1ps! Lot me Know ) YOU need more- 1 ormation, - Station Code: KOL, Station Name: KOLAD, Railway Zone: KR

- Station Code: KKW, Station Name: KANKAVALI, Railway Zone: KR

Figure 51 1 hope this helps! Let me know if you need more information.

Enter your query: Railway stations in KR railway zone | Figure 5.3
Figure 52 | Enter your query: Railway stations in CR railway zone |

Figure 5.4

Generated Response:
Based on your query ‘Railway stations in CR railway zone', here are some stations that might be of interest:

- Station Code: BOTS, Station Name: BANDRA TERMINUS, Railway Zone: CR
- station Code: DIVA, Station Name: DIVA JUNCTION, Railway Zone: CR

- station code: €CG, Station Name: CHURCHGATE, Railway Zone: CR

- station Code: BA, Station Name: BANDRA JUNCTION, Railway Zone: CR
iof le: PEN, Stati

e: CSMT, Stat

Figure 5.5
VIIl. CONCLUSION

The development and implementation of a Retrieval Augmented Generation (RAG) system for the
railway sector represents a significant advancement in how data is managed, analyzed, and reported.
By combining sophisticated retrieval techniques with powerful generative language models, this paper
addresses critical challenges faced by the railway industry in handling large volumes of diverse data.By
integrating advanced retrieval and generative capabilities, the RAG system not only enhances the
efficiency of data processing but also supports a more proactive and responsive approach to managing
railway operations. This innovative solution is poised to transform how the railway sector leverages
data, ultimately contributing to more effective and efficient railway operations and improved service
quality.
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